species' properties ('community distributions') contain more information than do single summary measures and should reflect better the complexity of ecological communities (Yen et al. 2015) .
Two key community distributions are species abundance distributions (SADs), the number of species with a given abundance, and individual size distributions (ISDs), the number of individuals with a given body size (typically body mass) (White et al. 2007 ). Changes in SADs and ISDs might reflect changes in a community that are not apparent in single summary measures, and study of SADs and ISDs may highlight which groups (e.g. rare species or small individuals) drive these changes Henderson 2003, White et al. 2004) .
It is useful to distinguish between species-and size-based measures of ecological communities (White et al. 2007 ). Species-based measures (e.g. species richness, abundance, SADs) reflect the number and relative abundances of different species and provide information on community structure. Size-based measures (e.g. biomass, energy use, ISDs) reflect the diversity of body sizes in a community and contain information on community function. Species-and Ecological communities are dynamic, and while changes in space have been well documented, less attention has been given to how communities change through time , Anderson et al. 2011 . Studying the temporal dimension of ecological communities can reveal fundamental ecological processes and is the key to understanding how biodiversity will change in response to natural and human pressures (Magurran 2007) . Understanding how ecological communities change through time is particularly relevant to studies of community assembly, in which changes in community structure are used as evidence for the effects of particular ecological processes (e.g. interspecific competition or environmental filtering; Kraft et al. 2015) .
Many studies of turnover in ecological communities consider only one or a few summary measures of an ecological community, such as species richness, abundance or biomass (Anderson et al. 2011, Angeler and Johnson 2012) . However, measures such as species richness and abundance can change independently of one another, so that variation in only one or a few measures will not necessarily reflect substantial changes to an ecological community (White et al. 2004 Yen (jian.yen@unimelb.edu.au) , School of Biosciences, The Univ. of Melbourne, VIC, Australia. -J. R. Thomson, Arthur Rylah Inst. for Environmental Research, Dept of Environment, Land, Water and Planning, VIC, Australia. -J. M. Keith, School of Mathematical Sciences, Monash Univ., VIC, Australia. -D. M. Paganin and JDLY, School of Physics and Astronomy, Monash Univ., VIC, Australia. -R. Mac Nally, Inst. for Applied Ecology, The Univ. of Canberra, ACT, Australia.
The study of ecological communities through time can reveal fundamental ecological processes and is key to understanding how natural and human pressures will affect biodiversity. Most studies of ecological communities through time consider only one or a few summary measures (e.g. species richness, total abundance), which might neglect important aspects of community structure or function. We studied temporal variation in several measures of species diversity, size diversity, and species composition in an intensively sampled bird community to determine whether different biodiversity measures change synchronously. We used a novel function regression model, which supports the study of diversity measures that are distributions (e.g. species abundance distributions) alongside measures that are scalar values (e.g. species richness). Most diversity measures changed predictably within years, but inter-annual changes in size diversity and species composition were not reflected in species diversity. Within and among years, there was considerable variation in distributional measures that was not captured in scalar measures. Predictable variation within years probably was related to seasonal variation in weather patterns or food availability, but variation in size diversity among years probably resulted from stochastic changes in species composition. These results suggest that species and size diversity may be decoupled, and that inferences on scalar diversity measures might not reflect fundamental changes to community structure or function. Our method supports the inclusion of size-based measures and distributional measures in ecological analyses, and broader uptake of our approach is likely to provide new insight into the processes structuring ecological communities, and inform the links between structure and function in ecological communities.
size-based diversity measures can change independently of one another (White et al. 2007) , suggesting that different processes might drive community structure and community function in ecological communities. Decoupling of species-and size-based measures has consequences for existing studies of turnover in ecological communities, which typically focus on species-based measures (Anderson et al. 2011) . Understanding how species-and size-based diversity measures are related may shed light on the links between species richness and ecosystem function, which are critical for understanding the functional consequences of losses of species (Loreau et al. 2001) .
Neither single summary measures nor community distributions consider species composition, which is of primary interest to many ecologists Henderson 2010, Angeler and Johnson 2012) . Changes to species composition can alter community structure and function substantially without concurrent changes to other diversity measures, such as species richness or total biomass. Species composition can be studied using rank abundance spectra (RASs) (Mac Nally 2007), which are the relative abundances of all species sorted from most-to least-abundant (Fig. 1c) . Unlike the more common rank abundance distribution, which ranks species based on their in-sample abundances, RASs rank species on their abundance over all samples and leave these ranks fixed when compiling in-sample RASs, which identifies changes in species composition arising from changes in relative abundances (e.g. when a previously abundant species becomes rare or vice versa) (Mac Nally 2007). RASs have been used to highlight substantial changes in community structure along a disturbance gradient that were not apparent in rank abundance distributions (Mac Nally 2007).
The study of SADs, ISDs and RASs is complicated by the function-valued nature of these measures, that is, they are continuous or discrete curves rather than single values (Yen et al. 2015) . Statistical methods have been developed for the analysis of function-valued data ('function regression'), but these approaches have been used rarely in ecology (Ramsay and Silverman 2005, Yen et al. 2015) . Despite few applications to ecology, the analysis of function-valued data allows more detailed representations of ecological communities than does the analysis of single summary measures, and its use is likely to reveal important new ecological patterns and provide insight into key ecological processes.
We use a novel Bayesian function regression model to partition variation in SADs, ISDs and RASs among monthly, seasonal and annual time scales. We use a conventional Bayesian linear model to repeat this analysis for species richness, abundance, biomass and estimated energy use. Our aim was to determine how different diversity measures change through time and to identify time scales on which different measures might change independently of one another. We also sought to determine whether community distributions contain additional information beyond that contained in single summary measures. We illustrate our approach using data on an intensively sampled bird community in southeastern Australia, which experienced minimal climatic or broad-scale environmental change throughout the sampling period (Mac Nally 1997).
Methods

Study region
Bird surveys were conducted in Olinda State Forest, a continuous tract of woodland of ca 1000 ha with elevation between 260-550 m, about 50 km east of Melbourne, Victoria, Australia (Mac Nally 1997). Olinda State Forest is effectively continuous with other large forest reserves ( 1000 ha) in its vicinity. Three species of Eucalyptus dominate Olinda State Forest: narrow-leaved peppermint E. radiata, messmate stringybark E. obliqua and mountain grey gum E. cypellocarpa. Silver wattle Acacia dealbata is common in the understorey. The forest has not experienced wildfire since 1962, although fuel-reducing, low-intensity burns were conducted in some areas eight years before the bird surveys were conducted. Rainfall ranged from ca 950 ml Species abundance distributions are the number of species (y-axis) with a given abundance (x-axis); individual size distributions are the number of individuals (y-axis) with a given body mass (x-axis); and rank abundance spectra are the abundances of each species (y-axis) ranked from most abundant to least abundant (x-axis) based on data summed over all surveys. Solid lines are mean curves, and grey shading indicates one standard deviation either side of the mean.
to ca 1500 ml yr -1 during the survey period, with consistent warm summers and cool winters over all three years (Bureau of Meteorology 2015). The lowest rainfall occurred in 1994 (ca 950 ml), with below-average rainfall from March to December of that year (Bureau of Meteorology 2015).
Bird surveys
Birds were surveyed at three fixed transects on 92 survey dates over three years (July 1993 to June 1996) (Mac Nally 1997). The three transects together covered 50 ha. The same observer (RM) performed all surveys, which occurred on average 12 d apart when conditions were favourable for bird surveys (calm and dry weather). The orders in which transects were visited was randomized for each survey date. Surveys were performed using a fixed-strip method: each transect was traversed for 2 h, with the first survey starting at sunrise for a given survey day (totalling 6 h for all three transects; Mac Nally 1997). All individual birds were identified by sight or by voice; only individuals in the 90° arc immediately ahead of the observer were recorded.
Estimating bird body masses and energy use from survey data
Body-mass data were not collected during the bird surveys, so we used a resampling method to estimate bird body masses. We generated one random normal variate for each individual detected, with body-mass means and standard deviations based on a global database of species' body masses (Baker et al. 1997 , Higgins 2006 , Dunning 2007 . In cases where standard deviations were unknown, we used information on body-mass ranges (assuming standard deviation ≈ range/4). If the range were unknown, we set the standard deviation equal to the mean multiplied by 0.09, based on a linear regression of the data in Dunning (2007) ([standard deviation of body mass]  0.09  [mean body mass], n  3008, r 2  0.84). We observed this same relationship in the subset of species included in the analysis presented here. If male and female body mass data were available, we assigned each random variate to male or female data with probabilities of 0.6 and 0.4, respectively. This sex ratio was based on global, empirical data for bird species (Donald 2007) . The resampling method generated a set of body masses for each survey, which we used to calculate total biomass and resting metabolic rates. Total biomass was the sum of all estimated body masses in a given survey. We estimated metabolic rates from a power-law allometric relationship: metabolic rate  constant  (body mass) 0.75 , where constant is a normalization constant that we left undefined here (i.e., we assumed metabolic rate ∝ (body mass) 0.75 ) (Brown et al. 2004 ). This normalization constant typically would be around 0.8 for birds (Nagy 1987) . We defined total energy use as the sum of all individual metabolic rates in a given survey.
Compiling SADs, ISDs and abundance spectra
We compiled SADs and ISDs by assigning bird data into five and ten bins of equal width on a logarithmic scale, respectively. We used a logarithmic scale because SADs and ISDs typically are highly right-skewed, which means that if the data were binned on a natural scale, most would fall into the left-most bin. The number of bins was chosen to retain variation in SADs and ISDs while minimizing the number of empty bins. We based SAD bins on the number of detections of each species. The result was a distribution of species richness against abundance (Fig. 1a) . We based ISD bins on body masses in the assemblage. The result was a distribution of the number of individuals against body size (Fig. 1b) . We based rank abundance spectra (RASs) on the summed abundances of each species over all surveys. The result was a curve with one point for each species surveyed (Fig. 1c) .
Data analysis
We analysed data on species richness, total abundance, total biomass, estimated total energy use, SADs, ISDs and RASs. All fitted models had the same overall form:
where: response is the community diversity measure (e.g. species richness), intercept is the average value of the response variable (e.g. mean species richness over all surveys), month, season and year are the deviations from the intercept for a given time (e.g. the deviation in winter species richness from the overall mean species richness) and residual is the unexplained (within month) variation in the response variable. The exact model form depended on whether the response variable was scalar (i.e. a single value) or a function (i.e. a discrete or continuous curve).
Scalar regression model
We used Bayesian linear regression to explore variation in species richness, abundance, biomass and estimated energy use through time. The model was
where: y i is the response variable (e.g. species richness) in survey i; a is the mean value of the response variable; b, f, d and g are the deviations from the overall mean for a given month, season, year and site; and e i is the residual for survey i. We assumed that the e i (residual) terms were normally distributed, which was supported by histograms of the response variables and residuals for each dataset. We assigned a vague normal prior distribution (zero mean and variance  10) to a and we assigned exchangeable normal prior distributions to e, b, f, d and g. We assigned uniform prior distributions on [0, sd(y)/2] to the standard deviation parameters for e, b, f, d and g, where sd(y) is the standard deviation of the response variable. We included sum-to-zero constraints on b, f, d and g (e.g. the sum of b month within each season was equal to zero) to ensure that the fitted model was identifiable.
We estimated the variance components for each time scale with finite-population standard deviations (Gelman 2005) , which are the standard deviations of all coefficients for a given time scale (e.g. the standard deviation of the on all observed values of m [m 0 , m 1 , ..., m max ], where m max is the largest observed value of m.
We used a simplified form for function-valued parameters in models of RASs:
where I(m  m j ) is equal to one if m equals m j and zero otherwise. This model assigns a separate intercept to each bin, which removes the constraint that the function-valued parameters are smooth functions. We used this form of the function-valued parameters to ensure that RASs, which were not smooth functions, could be fitted closely. The l i parameters were assigned normal prior distributions with unknown variances (s 2 mean , s 2 month , s 2 season , s 2 year and s 2 site ), and we assumed that these variance terms were exchangeable within each time scale (e.g. all months shared the one variance term). We assigned the square-roots of these variance terms (i.e. the standard deviations) uniform prior distributions on [0, sd(y)/2], where sd(y) was the standard deviation of the response variable. We assigned a first-order autoregressive structure to the model residual [e i,j  r e i,j-1  t i.j ; t i.j ∼ Normal(0, s 2 )] to account for possible correlations among neighbouring values of m on the response function. We assigned r a uniform prior distribution on [-1, 1] and assigned s an exchangeable uniform prior distribution on [0, sd(y)/2].
We estimated the variance components for each time scale with finite-population standard deviations (e.g. the standard deviation of b month (m) over all months and values of m) (Gelman 2005) . At each time scale, the finite-population standard deviation of the mean of the coefficient function [the 'main' effect; e.g. the mean of b month (m) over all values of m] reflects changes in the scale of the distribution, while the finite-population standard deviation of the entire coefficient function [the 'interaction' effect; e.g. b month (m)] reflects changes in the shape of the distribution. Variation in scale reflects changes in species richness for SADs and changes in total abundance for ISDs and RASs. Variation in shape reflects changes in evenness for SADs and ISDs and changes in the identities of abundant or rare species for RASs. We scaled these variance components by the mean value of the response function, which allowed us to compare the amount of variation on a particular time scale among different measures.
Computational details
We fitted scalar and function regression models in WinBUGS ver. 1.4 (Lunn et al. 2000) . WinBUGS is general-purpose software for fitting Bayesian Markov chain Monte Carlo models. Function regression models were fitted using the reversible-jump add-in for WinBUGS (Lunn et al. 2006 (Lunn et al. , 2008 , which accommodates the transdimensional nature of the spline parameters. We based parameter estimates for scalar regression models on three chains of 100 000 iterations with 40 000 iteration burn-in periods. We based parameter estimates for function regression models on three chains of 25 000 iterations with 10 000 iteration burn-in periods. We assessed convergence and mixing of chains through visual coefficients for summer, autumn, winter and spring). We scaled these variance components by the mean value of the response variable, which allowed us to compare the amount of variation on a particular time scale among different measures (e.g. we could compare seasonal variation in species richness with seasonal variation in biomass).
Function regression model
We used Bayesian function regression to model variation in SADs, ISDs and RASs through time (Yen et al. 2015) . Function regression is similar structurally to the standard linear regression model except that the response, intercept, and slope are functions rather than single values (Ramsay and Silverman 2005, Yen et al. 2015) . 
where: l 1 is the function intercept; l i (i  1) is the change in slope in the ith spline segment; m 0 is the minimum value of the argument m; q i is the left-hand endpoint for the (i  1) th spline segment; and k is the number of knots in the spline, i.e. the number of places at which the slope of the spline could change. The bracketed term, (x)  , is equal to x when x  0 and 0 otherwise. The parameter k was assigned a binomial prior with probability of success equal to 0.5 and the number of trials equal to half the number of bins. The prior on k defined a transdimensional model, where the dimension of the l and q parameter vectors can change. Inference on k was not our primary interest here; we used this particular model form to ensure that parameter functions were flexible and could fit a range of curve shapes. The q i parameters were assigned independent discrete uniform prior distributions curves among surveys (Fig. 1) . The mean rank abundance spectrum (RAS) was similar to a standard rank abundance distribution, with a rapid decrease in abundance between ranks 1 and 10 and a long right tail of rare species (Fig. 1c) . There was moderate variation among surveys around mean rank abundances, with the majority of variation in the 1st to 15th ranks and a peak in variation at the 20th rank (red wattlebird Anthochaera carunculata) (Fig. 1c) . There was clear seasonal variation in species richness and abundance, with slightly less variation among months and years (Fig. 2) . There was very little inter-annual variation in species richness (Fig. 2 ). There were high levels of variation in biomass and energy use among months, seasons and years, with slightly less variation among months than among seasons or years (Fig. 2 ). There were moderate to high levels of residual variation (i.e. variation on irregular time scales) in all scalar measures, with the highest levels of residual variation in biomass and energy use (Fig. 2) . Intra-annual trends were similar in all scalar measures, with spring and summer surveys associated with more species, higher total abundances, more biomass and higher estimated energy use (Fig. 3) . Biomass and energy use had more variation within seasons than did species richness and abundance, and displayed a clear trend through the three survey years (Fig. 3) . There was little change in species richness among years, and only a small change in abundance among years (Fig. 2) .
inspection of chains and with Gelman-Rubin statistics (Gelman and Rubin 1992 
Results
There were 39 182 bird records from 52 species detected in the 92 surveys. Between 34 and 257 birds (mean  142) and 7-31 species (mean  19.5) were detected in individual surveys. The mean estimated body mass was 42 g (median  13.6 g) and the mean total biomass was 6062 g (median  5310 g). Biomass estimates scaled to an average estimated energy use that was proportional to 2000 g d -1 .
The mean species abundance distribution (SAD) was right skewed, with most species having 2-10 individuals and the most-abundant species having 90 individuals (Fig. 1a) . The mean individual size distribution (ISD) was right skewed, with a peak in the number of individuals around 10 g and few individuals larger than 200 g (Fig. 1b) . The standard deviations were up to 50% of the mean SAD and ISD values, which indicates relatively high amounts of variation in these SADs varied more among seasons than they did among months or years, while ISDs varied substantially among seasons and years (Fig. 4) . SADs and ISDs varied most on irregular time scales ('residual' variation in Fig. 4) . The scale and shape of SADs varied similarly among months and seasons, but the shape of SADs changed substantially more than the scale of SADs among years (Fig. 4) . Variation in the scale of SADs among seasons ('seasons main' in Fig. 4 ) reflects seasonal variation in species richness, while the lack of inter-annual variation in the scale of SADs reflects the lack of variation in species richness among years. The scale and shape of ISDs varied equally among months and seasons, but there was more variation in the shape of ISDs on annual time scales (Fig. 4) . Changes in the scale of ISDs on all time scales were reflected in changes in total abundance, while changes in the shape of ISDs were reflected in changes in biomass and energy use.
SADs changed predictably within years, with an increase in the number of species in all abundance classes in warmer months (spring and summer) (Fig. 5) . These changes generally reflected changes in species richness, but SADs were slightly less even (i.e. more rare species relative to abundant species) in spring and summer, which suggests that there is seasonal variation in relative abundances (Fig. 5) . SADs became more even through the three-year sampling period, with a decrease in the number of rare species and an increase in the number of abundant species through time (Fig. 5) . ISDs changed predictably within years, with an increase in the number of small-and medium-sized individuals in 
July Jan July Jan July Jan July Time July Jan July Jan July Jan July Time July Jan July Jan July Jan July Time Larger values indicate greater amounts of variation at a given time scale. Main coefficients reflect variation in the scale of a given function, while interaction (int.) coefficients reflect variation in the shape of a given function. Residual variation is variation that could not be assigned to monthly, seasonal or annual time scales. Solid black points are mean values (circlesSADs; triangles -ISDs; squares -RASs), thick black lines denote 50% credible intervals and thin grey lines denote 95% credible intervals for a given value.
measures suggest that community function can change independently of species richness and relative species' abundances. Species composition, measured using rank abundance spectra (RASs), changed more than other measures on intra-annual time scales but had similar amounts of inter-annual variation to total community biomass and ISDs. High levels of residual variation in RASs, SADs and ISDs compared to other measures indicate that changes in species composition, relative abundances and size structure are not necessarily reflected in scalar measures of community structure (e.g. species richness or total abundance). There was little environmental change during the threeyear sampling period, so our study reveals the baseline variation in an ecological community. This variation results from several different processes, such as seasonal migration, altered demographic parameters (survival, growth, reproduction), and stochastic variation in species' occurrences through time. We observed consistent seasonal variation in all diversity measures, which probably reflects seasonal migration patterns given the large number of seasonal migrants and itinerant species in these communities (Mac Nally 1995). Several insectivorous species (e.g. rufous whistler, golden whistler, grey fantail) congregate in upland forests such as Olinda State Forest to breed in spring and disperse among different habitats in other seasons. Large nectarivorous species (e.g. red wattlebirds) disperse from our study region during winter, while smaller nectarivores (e.g. yellow-faced honeyeaters, crescent honeyeaters, eastern spinebills) move warmer months (late spring and summer) (Fig. 5) . These changes reflect higher total abundances in warmer months, but also indicate a shift towards less even ISDs in these months (i.e. more small individuals relative to large individuals) (Fig. 5) . ISDs became less even through the three-year sampling period, with an increase in the number of smalland medium-sized individuals relative to the number of large individuals (Fig. 5) .
Species composition (as measured by RASs) changed more than any other measure through time, with substantially more variation than other measures among seasons and months (Fig. 4) . At all time scales, the shape of RASs changed more than their scale, which indicates that changes in RASs are distinct from changes in total abundance alone (Fig. 4) . High levels of variation in RASs among years and on irregular time scales mirrored the high inter-annual and residual variation in biomass, energy use and ISDs (Fig. 2, 4) .
Discussion
Inferences on the temporal changes in the bird community studied here were sensitive to the way in which community data were represented. Differences in temporal changes between species-based (species richness, abundance, species abundance distributions [SADs] community structure or function. Such associations often are explained by sampling effects (Soininen 2010) , which might not apply to other diversity measures such as biomass, ISDs, or RASs. Smaller variation in species richness than in other diversity measures might indicate a decoupling of species richness and measures of functional diversity or community function, which would impede attempts to predict changes in function from changes in species richness.
Inter-annual variation in size-based measures was equivalent in magnitude to changes in RASs, which suggests that size-based measures are sensitive measures of change in ecological communities. Size-based measures were based on ISDs estimated from mean species' body masses, so they reflect changes in species' identities rather than intra-specific changes in body masses. Therefore, our results indicate that changes in species' identities among years are associated with shifts to smaller or larger species, rather than a given species being replaced by a similarly sized species. The sensitivity and potentially rapid response of size-based diversity measures to changes in species composition suggests that sizebased measures might provide highly resolved information on ecological communities. An improvement would be the use of directly measured body masses, in which case changes in biomass could be measured independently of changes in species composition. Distinguishing variation in body masses from variation in species composition would determine whether changes in body masses were associated with in-site demography (e.g. increased growth or survival) or with species turnover.
Community distributions (ISDs and SADs) clarify changes in single summary measures (species richness, abundance, biomass and energy use), and highlight variation in community structure and function that is not captured by single summary measures. Peaks in single summary measures in spring and early summer were driven by increases in the number of small-and medium-sized individuals and general increases in species' abundances ( Fig. 5) , most likely associated with seasonal migration of nectarivores and insectivores (e.g. honeyeaters, golden whistlers, grey fantails) (Mac Nally 1995). Plateaux or decreases in summary measures in late summer were driven by decreases in the number of rare species and decreases in the number of medium-sized individuals (Fig. 5) , most likely associated with seasonal emigration of many bird species during the cooler months (Mac Nally 1995). An increase in the evenness of species' abundances led to an increase in total abundance from year one to year two without affecting species richness, highlighting how shifts in community distributions can clarify changes in single summary measures. The observation of variation in community distributions without concurrent variation in single summary measures supports the broader use of community distributions in fundamental and applied ecological analyses because scalar diversity measures often may be insensitive to, and uninformative of, important ecological variation.
The use of distributions such as SADs and RASs is similar in principle to analyses based on dissimilarity indices (Baselga 2010) . The primary benefit of our approach is that changes in species composition and abundances can be visualised directly (e.g. Fig. 5 ). While dissimilarity indices can identify broad ecological processes underlying differences among sites into our study region during spring. Our approach provides limited insight into these seasonal migration patterns; all diversity measures were affected to a similar degree, so that variation in any one measure reflects the broader changes in community structure and function.
Our approach is more informative when the observed variation differs among diversity measures. The large amounts of residual variation in biomass, energy use, ISDs and RASs were less apparent in species richness and abundance (Fig. 2, 3 ). Substantial amounts of residual variation indicate that size-based measures and community composition change on irregular time scales, which suggests that processes other than seasonal migration and demography affect community composition and size structure. Such processes might include the tracking of fine-scale variation in weather or resources (e.g. eucalypt flowering; Bennett et al. 2014) , or stochastic variation in species' occurrences. Small amounts of residual variation in species richness and abundance suggest that variation in community composition does not result from resource tracking, which would be expected to increase local species richness and abundance. Our approach is informative here because it allows one to identify those aspects of a community that are changing (e.g. species' identities, body masses) and the time scale on which these changes occur. Determining whether residual variation in diversity measures can be partitioned among time scales other than months, seasons or years (e.g. days or weeks) might yield further insight into the possible underlying ecological processes.
Inter-annual variation in diversity measures is likely to reflect changes in populations due to demographic processes or migration of species into and out of the community. There was little inter-annual variation in species richness despite clear changes in biomass, energy use, ISDs and RASs, which suggests either that changes to survival or growth are affecting species' abundances and body masses, or that species turnover is causing shifts in mean species' body masses. Our approach cannot easily distinguish movements of individuals from insite changes in survival and growth, but we can identify when species' abundances or body masses are changing independently of species richness, which suggests changes in demography rather than net losses or gains of species. For example, we observed fewer rare species (i.e. higher evenness) in the second and third years of surveys, which indicates that average population abundances increased during the survey period. These increases might have been a cumulative response to a sequence of climatically consistent years; high rainfall during the survey period would be expected to support high survival and recruitment, leading to increases in average population abundances (Mac Nally 1996) .
Studies of spatial and temporal turnover in ecological communities have observed slower turnover at larger spatial and temporal scales, which may result from more complete sampling of the community with increasing spatial or temporal scales (Korhonen et al. 2010) . We found slower turnover among years than among seasons in species richness and abundance, but we did not observe substantial decreases in turnover with increasing temporal scale in biomass, energy use, SADs, ISDs or RASs. This result suggests that associations between turnover and scale, typically observed for species richness, might not be reflected in other aspects of or samples (e.g. turnover or nestedness), these indices typically will not provide detailed insight into how these sites or samples differ from one another. In contrast, RASs identify which species have changed in abundance, and by how much. SADs and ISDs give less-detailed insights than do RASs, but still identify changes in the numbers of rare and common species, and in the numbers of small and large individuals. Tracking changes in the number of rare and common species might be particularly useful given recent concern over untracked declines in common species (Inger et al. 2014) . Similarly, tracking changes in the number of small and large individuals yields information on changes to community function and might support predictions of community robustness given potential links between body size and vulnerability to environmental changes (Hutchings et al. 2012) .
Our results suggest that links between community structure and function are dynamic and differ among time scales. Species and size diversity changed similarly within years (Fig.  3, 5) , which indicates that community structure and function respond similarly to seasonal environmental changes (e.g. seasonal changes in weather and resource availability). In contrast, changes in size diversity among years, possibly as a cumulative response to a sequence of climatically consistent years, were not reflected in measures of species diversity. The potential for changes in species and size diversity to be decoupled, combined with variation in community distributions that is not apparent in single summary measures, suggests that the study of size-based measures and distributional measures is likely to provide new insight into the links between structure and function in ecological communities.
